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ABSTRACT 


This   paper  is  concerned  with   the  problem  of  measuring  market 
response  to  a   "communications  mix"--the  various  means  which  a   firm 
employs  to  transmit  sales  messages  to  potential   buyers.   Distributed 
lag  models  are  applied  to  time  series  data   for  an  ethical   drug   to  es- 
timate  the  short-run  and  long-run  effects  on  market  share  of  expendi- 
tures made  for  journal   advertising,  direct  mail   advertising,   samples 
and  literature,   and  personal   selling.    Important  differences  were  found 
among  the  communications  variables  with  respect  to  the  magnitude  and 
over-time  pattern  of  effect  each  had  on  market  share.  The  managerial 
implications  of  the  findings  and  the  contribution  of  this   type  of  meas- 
urement to  the  evolution  of  marketing  information  systems  are  discussed. 
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1,  INTRODUCTION 

One  of  the  problem  areas  in  marketing  of  great  practical  and  theo- 
retical significance  about  which  much  remains  to  be  learned  is  the  nature 
of  market  response  to  a  firm's  "marketing  mix"  [22].  Extensions  and  elab- 
orations of  economic  theory  have  been  proposed  which  lead  to  normative  de- 
cision rules  for  obtaining  an  optimal  mix  of  price,  advertising,  and  product 
quality  given  certain  general  assumptions  about  sales  response  functions 
[35,  Chapts.l  and  ?].  Explicit  response  functions  of  a  complex  nature  have 
been  formulated  by  Kotler  [21]  and  Urban  [42]  in  building  models  for  mar- 
keting mix  decisions  in  the  case  of  new  products.  In  applying  these  struc- 
tures, the  parameter-setting  was  done  judgemental ly. 

Estimates  of  the  effects  on  sales  or  market  share  of  various  combi- 
nations of  the  basic  mix  variables  of  advertising  or  promotional  expendi- 
tures, distribution,  price,  and  product  quality  obtained  through  statis- 
tical analyses  of  historical  data  have  been  reported  in  a  handful  of  pub- 
lished studies  [2,  17,  25,  26,  41,  46,  47].  In  a  similar  vein,  Frank  and 
Massy  [13,  30]  investigated  how  price,  deals,  and  retail  advertising  affect 
market  share  and  Urban  [43]  examined  response  to  price  and  shelf-facings. 
To  date  however,  very  little  empirical  work  appears  to  have  been  done  on  an 
important  subset  of  the  marketing  mix,  the  "communications  mix".  By  com- 
munications mix  we  mean  that  set  of  marketing  activities  by  which  a  firm 
transmits  product  information  and  persuasive  messages  to  a  target  market. 
In  this  study  v/e  examine  the  response  of  a  particular  market  to  a  communi- 
cations mix  consisting  of  the  following  elements:  personal  selling,  pro- 
duct samples,  media  advertising,  and  direct  mail  advertising.  F^ore  speci- 
fically, the  research  discussed  here  is  concerned  with  the  following  questions: 

1.  What  is  the  magnitude  of  response  to  the  various  elements  within 
the  communications  mix?  How  do  they  compare  with  one  another? 


2.  What  is  the  pattern  of  effects  for  each  mix  variable  over  time? 
Does  the  greatest  response  occur  in  the  period  of  expenditure  or 
does  response  build  up  for  a  few  periods  and  then  damp  out?  How 
do  the  short-run  effects  relate  to  the  long-run  effects?  How  do 
the  mix  elements  compare  to  each  other  in  these  terms? 

3.  Can  an  aggregate  model  be  successfully  developed?  From  the  set  of 
models  which  are  considered,  which  structure  seems  most  meaningful? 

The  rise  of  marketing  information  systems  has  created  new  demands  for 
model-based  analyses  of  historical  data  to  answer  questions  of  the  type 
listed  above.  Montgomery  and  Urban  [31]  have  discussed  the  importance  of 
recognizing  that  a  marketing  decision-information  system  consists  of  four 
interdependent  components:  a  model  bank,  a  data  bank,  a  measurement-statis- 
tics bank,  and  a  communications  capability.  Given  a  set  of  decision-oriented 
models  that  address  themselves  to  particular  problems,  attention  centers 
on  the  estimation  of  key  response  parameters.  Judgement,  analysis  of  his- 
torical data,  and  special  purpose  studies  are  the  basic  sources  of  measure- 
ments for  mddels.  Information  systems  evolve  over  time  and  in  such  a  context 
these  three  methods  become  stages  in  a  sequential,  continuing  measurement 
process  rather  than  ends  in  themselves.  The  usefulness  of  normative  market- 
ing models  that  rely  partly  or  solely  on  subjective  estimates  of  response 
parameters  has  been  demonstrated  in  several  problem  areas  including  pricing 
[9,  10,  14]  and  advertising  decisions  [16,  27,  28].  Experience  indicates 
that  almost  invariably  the  users,  if  not  the  developers,  of  such  models  soon 
begin  to  seek  ways  of  evaluating  and/or  improving  their  judgemental  inputs 
with  data-based  measurements.  At  this  point,  the  capacity  of  the  data  and 
measurement-statistics  banks  to  provide  the  historical  records,  model 
structures,  estimation  procedures  etc.  which  are  needed  for  a  particular 
analysis  becomes  critical.  Under  favorable  circumstances,  an;analysis  of 
existing  data  may  yield  results  which  become  inputs  to  a  larger  planning 
model  or  they  might  be  used  to  revise  prior  judgemental  estimates.  Armstrong's 
work  [1]  in  estimating  sales  potentials  in  foreign  markets  provides  an 
illustration  of  the  latter  type  of  application.  In  other  situations  the 


results  may  be   less  directly  applicable  but  still  valuable  such  as  in  pin- 
pointing the  need  for,  and  in  giving  direction  to,  designing  an  experiment  or 
some  other  more  refined  method  of  data  collection  and  measurement.  Within 
the  framework  of  a  marketing  information  system  then,  the  role  of  model- 
based  analyses  of  historical  data  is  that  of  a  tool  which  can  help  decision- 
makers to  learn  systematically  from  past  experience.  The  types  of  models  and 
analyses  reported  here  are  intended  to  serve  such  purposes. 

The  remaining  sections  of  the  paper  are   organized  as  follows:  (2)  Prob- 
lem Background  and  Data  Description,  (3)  General  Model  Considerations,  (4) 
Estimation  Models  and  Empirical  Results,  (5)  Econometric  Considerations, 
(6)  Discussion,  and  (7)  Summary. 


2.  PROBLEM  BACKGROUND  AND  DATA  DESCRIPTION 

2 . 1     The  Coinmuni cations   Mix  for  Ethical   Drugs 

The  empirical    setting   for  this   study   is   the  market  for  an  established 
ethical   drug.    An  ethical    drug  is   one  which  can  only  be   sold   to  persons 
possessing  a  prescription  written  by  a   licensed  physician.   The  ethical   drug 
market  represents   a  particularly  favorable  setting   in  which   to  study  com- 
munications nix  effects.    First  of  all,   compared  to  many  industries   the 
ethical   drug   field   is   rather  data-rich   in  that  most  firms   have  extensive 
data  bases   generated  by  both  commercial    sources   and   their  own   in-house 
marketing  research  activities.    Secondly,   the  communications  mix   is  a  prime 
competitive   tool    in   these  markets.   Other  elements   in   the  marketing  mix  such 
as  distribution  and  price  are  generally  considered  to  be  of  lesser  importance. 
Ethical   drugs  are  typically  widely  distributed  and  attempts  to  measure 
response   to  a   communciations  mix  will   not  ordinarily  be  confounded  by  changes 
•n  availability.   While  price  is  very  important  in  the  institutional  market 
for  ethical   drugs,  physicians  in  private  practice  tend  to  be  much  less 
sensitive   to   price  differentials.   This   study  is  concerned  only  with   prescrip- 
tions written  by  physicians   in  private  practice  and  price  competition  was 
absent  in   the  particular  market  investigated. 

The  communications  mix   for  an  ethical   drug  consists  of  advertisements 
in  medical   magazines   and  journals,   promotional   material   mailed  directly  to 
practicing   physicians,   and  sales   calls   made  on  doctors--referred  to   in   the 
trade  as   "detailing".   The  ethical    drug  salesman   (or  detailman)    frequently 
leaves  product  samples  and  literature  with  the  doctor  when  he  visits  him. 
There  is   a  substantial    body  of  empirical   evidence  from  survey  research  which 
indicates   that  physicians   use   these  commercial    channels  of  information 
about  drugs   and  view  them  as   legitimate  sources  of  such   information   [5]. 


2.2  Variable  Definitions  and  Measures 

Sales  and  market  share  are  the  principal  alternatives  that  suggest 
themselves  for  consideration  as  a  measure  of  market  response  to  a  coinmuni- 
cations  mix.  In  the  case  of  ethical  drugs,  there  is  a  two-fold  advantage 
in  using  market  share.  First,  obtaining  a  favorable  share  of  the  nev;  pre- 
scriptions written  by  physicians  in  any  time  period  is  the  basic  objective 
of  a  firm's  communications  mix.  For  established  drugs,  the  total  number 
of  new  prescriptions  written  for  a  given  class  of  drugs  depends  primarily 
upon  the  incidence  of  need  for  a  particular  kind  of  treatment  which,  in 
turn,  is  determined  by  exogenous  factors.  Hence,  industry  promotion  ordin- 
arily can  have  ^ery   little  effect  on  the  level  of  total  sales  for  an  estab- 
lished drug  category.  This  would  not,  of  course,  hold  for  a  product  which 
opened  up  an  entire  new  class  of  drug  therapy. 

A  second  reason  for  using  market  share  is  that  environmental  factors 
which  affect  the  absolute  level  of  sales  but  which  exert  the  same  basic 
influence  on  all  competing  products  need  not  be  included  in  the  response 
function.  In  contrast,  raw  sales  figures  are  subject  to  seasonal  and  cyclical 
fluctuations  due  to  variations  in  external  conditions  such  as  the  incidence 
of  disease  in  the  population.  Such  problems  can,  for  the  most  part,  be 
avoided  by  using  a  relative  sales  measure  like  market  share.  These  consider- 
ations led  us  to  employ  market  share  of  new  prescriptions  as  the  dependent 
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variable  in  our  communications  mix  response  models.  The  figures  analyzed 

were  derived  from  audits  of  pharmacy  records. 

One  problem  which  can  arise  in  attempting  to  use  market  share  as  a 

measure  of  response  is  that  of  determining  which  are  and  which  are  not 

competing  brands  and  products  [48].  Intuition  and  convention  can  be  quite 

"lisleading.  As  Stefflre  [40]  has  discussed  in  a  different  context,  it  is 

often  no  simple  matter  to  delineate  the  set  of  competing  products  and/or 


brands  which  constitute  the  "market".  Fortunately,  the  situation  in  the 
ethical  drug  industry  is  generally  more  straightforward.  There,  market  share 
may  be  computed  with  reference  to  a  particular  therapeutic  class  of  drugs-- 
i.e.,  relative  to  a  class  of  drugs  which  are  designed  to  achieve  a  certain 
type  of  therapeutic  action.  Thus,  for  example,  we  might  calculate  market 
share  relative  to  all  tranquilizers,  or  all  diuretics,  or  all  anti-depres- 
sants. While  a  certain  amount  of  inter-class  competition  does  occur  in  some 
instances,  by  and  large  competition  is  an  intra-class  phenomenon. 

The  communications  mix  variables  analyzed  here  are  journal  advertising 
(JA),  direct  mail  advertising  (DM),  manpower  detailing  (MD),  and  samples 
and  literature  (SL).  Table  1  lists  the  variables  and  notation  used  to  rep- 
resent them  in  the  models  to  be  discussed.  The  units  in  which  these  variables 
were  expressed  are  the  dollar  amounts  expended  for  each  mix  element  utilized 
in  a  given  month.  Fixed  creative  and  production  costs  were  not  included  in 
the  expenditure  figures  used  here.  Hence,  variations  in  the  expenditure 
figures  approximate  variations  in  the  quantity  of  communication  transmitted 
to  physicians  via  the  media  which  the  mix  components  represent. 

INSERT  TABLE  1  HERE 

Journal  advertising  expenditures  reflect  the  space  costs  for  advertise- 
ments placed  in  medical  publications.  Expenditures  for  direct  mail  cover 
printing  and  mailing  costs.  Samples  and  literature  represent  expenditures 
onthose  materials  which  detailmen  leave  with  doctors.  The  detailing  var- 
iable is  defined  in  terms  of  the  manpower  costs  (i.e.,  salaries  and  expenses) 
of  the  detailing  effort  received  by  the  product.  Since  several  products  are 
detailed  by  the  same  field  force  in  any  given  period,  total  manpower  costs 
had  to  be  allocated  among  the  set  of  products  so  promoted  according  to  an 


estimate  of  the  proportion  of  the  detailmen's  time  which  was  spent  on 
each  product.  An  additional  complicating  factor  arose  from  the  fact  that 
the  end  points  of  the  cycles  in  which  the  product  was  detailed  did  not 
always  coincide  with  our  monthly  observation  periods.  Given  the  potential 
for  measurement  error  in  these  allocations,  it  is  to  be  expected  that  esti- 
mates of  the  effects  of  detailing  will  be  less  reliable  than  those  for  the 
other  mix  variables . 

Treating  manpower  detailing  and  saiiii)!^^  and  literature  as  distinct 
variables  requires  some  additional  comment.  Note  that  as  defined  above, 
the  detailing  variable  represents  the  effort  expended  in  contacting  doctors, 
presenting  a  sales  message,  and  delivering  the  samples  and  literature.  The 
samples  and  literature  variable  reflects  the  quantity  of  product  samples  and 
promotional  literature  actually  left  with  the  physicians.  Two  reasons  may 
be  given  for  separating  the  two  variables.  First  of  all,  inasmuch  as  the 
distribution  of  product  samples  to  doctors  has  long  been  a  controversial 
matter  in  the  drug  field,  there  is  considerable  interest  in  assessing  the 
relative  impact  of  samples  and  literature  and  detailing  as  different  com- 
ponents of  the  personal  selling  effort  directed  toward  doctors.  Secondly, 
there  is  good  reason  for  believing  that  the  over-=tine  effects  of  these  two 
variables  will  not  follow  the  same  pattern.  Samples  and  literature  left 
with  a  doctor  constitute  a  means  of  keeping  him  in  contact  with  the  firm's 
products  for  an  extended  period  of  time.  Therefore,  it  would  not  be  at  all 
surprising  if  the  effects  of  samples  and  literature  distributed  in  month  t 
were  greater  in  month  t+1  than  t.  Detailing,  on  the  other  hand,  results  in 
a  brief  interpersonal  contact  and  its  effect  seems  more  likely  to  decay 
steadily  with  the  passage  of  time  due  to  forgetting  processes.  In  any  case, 
we  would  exi-iect,  a  priori,  the  impact  of  samples  and  literature  to  be  more 
long-lasting  than  that  of  manpower  detailing.  Since  the  two  dre   closely 


connected,  we  also  test  a  model  formulation  which  contains  a  variable 
representing  the  sum  of  expenditures  for  detailing  and  samples  and  lit- 
erature. 

One  last  variable  listed  in  Table  1  remains  to  be  discussed.  About 
a  third  of  the  way  through  the  data  period  studied,  a  major  competitive 
product  was  forced  to  withdraw  from  the  market  as  a  result  of  action  taken 
by  a  governmental  regulatory  agency.  Thus,  a  method  of  treating  this  occur- 
rence was  required.  We  conjectured  that  the  withdrawal  of  the  competitor 
was  more  likely  to  affect  the  level  of  the  market  share  of  the  drug  under 
study  than  the  responsiveness  of  the  market  to  the  communications  mix  per 
se.  Consequently,  we  include  in  the  regression  models  a  dummy  variable  (C) 
which  takes  on  a  value  of  one  for  every   month  in  which  the  competitor  was 
present  and  zero  in  the  subsequent  months  when  he  was  absent.  Clearly,  a 
negative  coefficient  is  anticipated  for  this  variable  in  the  models  pre- 
sented below. 

The  data  used  in  this  study  were  monthly  observations  for  a  large 
geographical  area  and  cover  a  five  year  period.  Hence,  sixty  data  points 
were  available  for  the  analyses. 


3.  GENERAL  MODEL  CONSIDERATIONS 

Before   turning   to  the  specific  models  which  were  analyzed,   it  will 
be  helpful    to  discuss  certain  of  their  general    features.   The  following 
reiiarks   relate   to  our  use  of  distributed  lag  and  multiplicative  or  constant 
elasticity  (log-linear)  models. 

3.1     Distributed  Lag  Models 

A  distributed  lag  formulation  was  chosen  as  the  basic  model    structure 
because  it  gives  an  investment  perspective  to  expenditures  for  marketing 
communications.  Since  the  observation  periods  used  for  the  market  share 
and  communications  mix  variables  are  relatively  short  (months),  representa- 
tion of  carry-over  or  lagged  effects  was  particularly  important--i .e, ,  ex- 
penditures for  communications  distributed  in  period  t  are  likely  to  affect 
market  share  in  future  time  periods  as  well   as  t.   Mention  can  be  made  of 
several   behavioral   phenomena  operative  here  which  may  give  rise  to  carry- 
over effects. 

(1)  Brand  Loyalty.    If  a  given  communication  appearing  in  month  t 
attracts  to  a  drug  a  physician  who  subsequently  develops  a  preference  for 
it,   then  the  expenditure  made  for  that  communication  in   t  will   have  contri- 
buted to  sales   realized  in  later  periods. 

(2)  Threshold  Effects.   Several   exposures   to  communications  on  behalf 
of  a  drug  may  be  required  before  a  doctor   is   persuaded  to  prescribe   it.    Under 
such  circumstances   the  eventual    response   is   attributable  to  both  current 

and  previous  communications  expenditures. 

(3)  Exposure  and  Use  Opportunity.   A  lag  may  occur  between  the  date  at 
which  a  communication  succeeds  in  convincing  a  doctor  of  the  merits  of  a 
particular  drug  and  the  time  when  he  has   the  opportunity  to  prescribe 
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that  variety  of  drug  therapy.  As  well,  the  occasions  on  which  physicians 
are  actually  exposed  to  communications  distributed  to  them  in  a  given  month 
may  be  distributed  over  time.  A  supply  of  samples  received  today  can  be 
used  over  a  period  of  months  as  the  need  arises.  Similarly,  some  doctors 
may  not  get  around  to  examining  a  medical  journal  until  some  after  it 
reaches  them  while  others  may  refer  back  to  articles  of  interest  in  previous 
issues  and  in  the  process  be  re-exposed  to  the  advertisements.  All  of  these  i 
factors  suggest  the  need  for  a  model  structure  which  incorporates  lagged 
effects. 

In  the  interests  of  keeping  the  presentation  simple  at  this  stage,  we 
illustrate  the  basic  form  of  the  distributed  lag  model  used  by  considering 
only  two  communication  variables,  journal  advertising  (JA)  and  direct  mail 
(DM).  In  the  actual  estimation  work  reported  later,  manpower  detailing  (MD) , 
and  samples  and  literature  (SL)  were  included  in  the  equation  and  treated 
in  an  analogous  manner. 

(1)   MS(t)  =  a^  +  a^   JA(t)  +  03  JA(t-l)  +  a^  JA(t-2) 

+  a.  JA(t-3)  +  a.  E   x""  JA(t-3-i) 
^  ^-  =  1 

+  ag  DM(t)  +  a^  DM(t-l)  +  rtg  DM(t-2) 


,  I   x''  DM(t-2-i)  +  L  (t) 
'i=l 


where  £(t)  is  the  error  term  and  0<X<1 .  1 

There  are  four  principal  features  of  this  basic  equation  which  should 
be  noted.  First,  we  posit  that  at  some  point  the  lagged  effects  of  both 
journal  advertising  and  direct  mail  will  decay  by  a  constant  proportion. 
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(1-X),  in  each  period.  This  is  the  well-known  case  of  geometric  decay  of 
lagged  variables  proposed  by  Koyck  [23]  and  frequently  utilized  in  marketing 
studies  [13,  25,  26,  30,  34,  39,  41],  In  (1),  the  geometric  decay  sets  in  after 
period  t-3  for  journal  advertising  and  after  period  t-2  for  direct  mail. 
Thus,  after  some  point  in  time,  the  effect  of  past  expenditures  will  diminish, 
with  older  expenditures  having  a  lesser  impact  than  more  recent  ones. 

The  second  point  to  recognize  is  that  once  the  decay  sets  in,  the 
same  rate  of  decay,  (1-A),  is  assumed  to  hold  for  both  journal  advertising 
and  direct  mail.  This  is  a  necessary  assumption  for  the  type  of  distributed 
lag  scheme  expressed  in  (1).  While  more  general  approaches  are  available  [29], 
the  present  method  has  the  advantage  of  not  requiring  an  arbitrary  trunca- 
tion of  lagged  effects  and  being  relatively  easy  to  estimate  using  standard 
regression  procedures.  It  should  also  be  pointed  out  that  our  model  does  not 
imply  that  the  effects  of,  say,  JA(t-4)  and  DM(.t-3)  are  identical  (notice 
that  these  are   the  first  terms  in  the  geometric  decay  of  the  respective 
variables).  This  can  be  seen  from  (1)  in  that  the  coefficient  for  JA(t-4) 
is  Aoc  while  the  coefficient  for  DM(t-3)  is  Xa^-   Hence,  only  the  decay  rate 
and  not  the  magnitude  of  the  effects  is  assumed  to  be  identical  for  journal 
and  direct  mail  advertising. 

Thirdly,  we  draw  attention  to  the  inclusion  in  (1)  of  what  we  term 
"specific"  lags--i.e.,  JA(t-l),  JA(t-2),  JA(t-3),  DM(t-l),  and  DM(t-2). 
Specific  lags  are  incorporated  because  there  is  reason  to  believe  [18] 
that  certain  of  the  variables  may  have  a  greater  effect  after  one  or  two 
periods  than  they  do  in  the  period  in  which  the  expenditure  was  made.  In- 
cluding them  provides  us  with  the  opportunity  to  examine  the  pattern  of 
effects  indicated  by  the  data.  In  addition,  the  specific  lags  allow  each 
variable  to  exhibit  an  individual  decay  rate  up  to  the  period  in  which  the 
geometric  decay  sets  in.  By  thus  moving  the  common  decay  rate  assumption 
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back  in  time,  the  assumption  becomes  a  somewhat  less  restrictive  factor  in 
our  analysis  since  we  would  generally  expect  the  important  differences  to 
show  up  in  the  first  few  periods. 

Finally,  we  note  that  (1)  represents  what  can  be  referred  to  as  a 
"variable"  lag  structure.  That  is,  it  postulates  that  the  geometric  decay 
sets  in  for  journal  advertising  in  month  t-4,  while  the  decay  for  direct 
mail  sets  in  during  month  t-3. 

The  basic  model  given  in  (1)  may  be  transformed  into  a  format  which 
is  readily  estimated.  First  write  (1)  for  MS(t-l)  (i.e.,  lagged  one  period), 
multiply  both  sides  of  the  resulting  equation  through  by  A,  and  subtract  it 
from  (1 ) .  This  yields: 

(2)  MS(t)  =  a^  (1-A)  +  a2  JA(t)  +  (  ayX  a^)   JA(t-l)  +  (  a^-A  a3)  JA(t-2) 

+  (  ag-A  a^)  JA{t-3)  +  a^  DM(t)  +  (  a^-A  ag)  DM(t-l) 
+  (  ag-A  a^)  DM(t-2)  +  AMS(t-l)  +  e(t)-Ac(t-l) 
=  3-,  +  62  JA(t)  +  33  JA(t-l)  +  34  JA(t-2)  +  35  JA(t-3) 

+  3g  DM(t)  +  37  DM(t-l)  +  3gDM(t-2)  +  A  MS(t-l)  +  U(t) 

where  U(t)  =  e{t)   -A£(t-1)  is  the  error  term  in  the  equation  and  : 

(3)  a^  =  3-,/(l-A) 


^3  "  ^^'3  ^  ^^2   ""  ^3  "^  ^"^2 


-   (4  +  ^«3  =  '-'4  +^^3  ■"  ^^'2 
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05=65+  Xa^  =  65  +  A34  +  A^33  +  A^p^ 


0.7  =  67  +  Aag  =  37  +  A6g 


ag  =  Bg  +  Aa^  =  3g  +  A37  +  x\ 


The  3's   in   (2)   may  be  directly  estimated  using  ordinary  least  squares.   Wg 
shall    refer  to  these  direct  estimates  of  the  3's   as   the   "raw"coeff icients. 
However,  our  interest  centers  in  the  a's,  the  coefficients  of  the  basic 
distributed  lag  equation  given  in   (1).   Estimates   of  the  a's   (termed  "ad- 
justed" coefficients)  may  be  derived  from  the  estimates  of  the  3's  using 
the  expressions  given  in   (3).    From  (3)  we  see  that  the  raw  coefficients 
provide  direct  estimates  of  the  adjusted  coefficients  for  current  period 
expenditures  -  e.g.  012  =  Bo-  However,  the  adjusted  coefficients  for  each  of 
the  specific  lag  terms  in  (1)  are  functions  of  several   of  the  raw  coeffi- 
cients.  Under  the  usual   assumptions,   least  squares  estimates  of  the  "raw" 
coefficients   (3's  and  A)   in  (2)  will   be  consistent.    It  is  also  worth  noting 
that  if  the  estimates  of  the  3's  and  A  are  consistent,   then   the  estimates   of 
the  adjusted  coefficients   (a's)  will   also  be  consistent. 

If  the  U(t)'s,  MS(t-l)   and  the  communications  mix  variables   in  equation 
(2)   satisfy  the  usual    least  squares   assumptions   (in  particular,   if  the   U(t)'s 
are  serially  independent),   then  it  is  well   known  that  the  least  squares 
estimates  of  the  3's  and  A  in  (2)  will   be  consistent  estimates.     A  suffi- 
cient condition  for  the  U(t)   to  be  serially  independent  is  for  the  £(t) 
in   (1)   to  be  first  order  autocorrelated  with  autocorrelation  coefficient  A. 
That  is,   if 


(4)  e(t)   =  Ae(t)   +  n(t) 
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and  if  n(t)  satisfies  the  usual  least  squares  assumptions,  then  U(t)  will 
be  serially  independent.  The  plausibility  of  assuming  that  the  U(t)  are 
serially  independent  in  this  particular  situation  will  be  considered  in  a 
later  section. 

3.2  Multiplicative  Models 

In  addition  to  the  simple  linear  response  function  described  above, 
use  was  also  luade  of  a  multiplicative  model.  The  form  of  the  multiplicative 
model  may  be  illustrated  again  considering  the  case  of  only  two  communica- 
tions variables: 

(5)        MS(t)  =  K[JA(t)f2   [DM(t)f  3  e^^^^ 

It  is  easily  seen  that  by  taking  logarithms  of  both  sides,  the  model  will 
be  estimable  using  least  squares.  For  the  purposes  at  hand,  a  multiplicative 
model  has  two  important  advantages  over  the  linear  form:  (1)  the  coeffi- 
cients (y's)  are  interpretable  as  elasticities  and  provide  insight  into  the 
returns  to  scale  for  expenditures  on  the  communications  variables,  (2)  the 
model  incorporates  interaction  effects  among  the  communications  variables 
without  using  up  additional  degrees  of  freedom. 

The  first  advantage  may  be  seen  by  taking  the  partial  derivative  of 

(5)  with  respect  to  JA(t)  and  solving  for  Yo  to  yield: 

(6)  Y2  =  3  MS(t)/M$(t) 

d   JACt)/JA(t) 

which  shows  that  the  parameter  Yo  ""s  the  proportional  change  in  market  share 
associated  with  proportional  changes  in  journal  advertising.  If  Yo  >  ^  we  see 
from  (6)  that  a  1%  change  in  journal  advertising  will  induce  more  than  a  1% 
change  in  market  share  indicating  increasing  returns  to  scale  for  journal 
advertising.  If  Yo  =  1,  then  a  1%  change  in  journal  advertising  will  tend 
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to  induce  a  1%  change  in  market  share-~i.e.,  there  are  constant  returns  to 
scale.  Similarly,  if  0  -'  y^  <   1,  there  are  diminishing  returns  and  if  y„  <■   0, 
there  are   negative  returns.  While  the  latter  value  would  be  surprising  for 
advertising,  it  is  the  value  one  generally  anticipates  for  price  and  for 
competitors'  promotional  expenditures. 

Secondly,  the  multiplicative  demand  model  provides  for  a  type  of  inter- 
action between  the  communications  mix  variables.  From  (5)  it  can  be  seen 
that  the  market  share  response  to  a  given  level  of  journal  advertising  will 
\jary   according  to  the  amount  expended  on  direct  mail  since  the  effect  of 
the  latter  variable  multiplies  the  effect  of  the  former.  Thus  the  multi- 
plicative model  provides  for  interdependencies  between  the  communications 
mix  variables.  Evidence  from  an  experiment  conducted  in  an  ethical  drug 
market  indicates  that  such  interaction  effects  are  important  [7].  One 
could,  of  course,  add  pairwise  and  higher  order  interaction  terms  to  the 
linear  model.  To  do  so  however,  especially  when  several  specific  lag  terms 
are  included  for  each  variable,  would  be  very  costly  in  terms  of  degrees 
of  freedom  which  are   generally  in  short  supply  in  time  series  analyses. 
The  multiplicative  form  provides  for  interaction  effects  without  using  up  any 
more  degrees  of  freedom  then,  a  simple  linear  additive  model. 

Recall  that  in  order  to  estimate  a  multiplicative  model  we  must  take 
the  logarithm  of  each  of  the  observations  on  the  dependent  and  independent 
variables.  This  can  lead  to  difficulties  if  any  of  the  observations  are 
zero.  It  was  felt  that  a  reasonable  solution  to  this  problem  would  be  to 
recode  a  zero  expenditure  on  any  communication  variable  during  a  month  as 
unity.  This,  in  effect,  will  cause  that  variable  to  have  no  effect  on  market 
share  during  that  month.  Since  the  average  monthly  expenditures  on  the  com- 
munications variables  are  on  the  order  of  thousands  of  dollars,  this  alter- 
ation should  not  seriously  distort  our  results. 
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4.   ESTIMATION  MODELS  AND  RESULTS 

The  discussion  of  empirical    results  proceeds  as  follows:    First,  we 
describe  the  sequence  of  models   tested  and  set  forth   the  overall    results 
for  each.    Following   this,   the  findings  are  examined   in  greater  detail   witli 
reference  to  the  questions  posed  at  the  outset  of  the  paper  concerning 
the  magnitude  and  over-time  pattern  of  effects  exhibited  by  the  conimuni- 
cation  mix  variables.   Econometric  issues  bearing  on  the  quality  of  the 
estimates   reported  are  considered  in  the  next  section  of  the  paper. 

The  models  discussed  below  may  be  characterized  along  three  dimensions: 
(1)   functional   form,   (2)  variables  included,  and  (3)   nature  of  the  specific 
lags  for  the  independent  variables.   The  functional    form  is  either  linear 
or  multiplicative.    In  regards  to  the  variables  included,  one  of  three  con- 
ditions holds:    (1)   the  model   contains  all   variables--i .e.   direct  mail    (DM), 
manpower  detailing  (MD),  journal   advertising   (JA) ,   and  samples  and  literature 
(SL)  or,   (2)   the  model   contains  all   variables  except  manpower  detailing, 
or  (3)   the  model   contains  the  sum  of  the  expenditures  on  manpower  detailing 
and  samples  and  literature  (MDSL)   rather  than  MD  and  SL  individually.  All 
of  the  models  incorporate  the  dummy  variable  C(t)   representing  the  presence 
of  the  competitor,  lagged  market  share,  MS(t-l),  and  an  intercept.  The 
specific  lags   are  either  "full"   or  "variable".    Full    lags  denote  that   the  model 
includes   the  current  period  values  plus  three  specific  lagged  values   (i.e., 
t,   t-1,   t-2,   and  t-3)    for  each  variable.    Variable   lags  means   that  the  model 
contains  a  different  number  of  specific  lag  terms   for  each  variable.   For 
example,   a  variable  lag  model   might  include  current  and  one  period   lagged 
values   for  direct  mail--i.e.,   DM(t)   and  DM(t-l )--whi le  having  two  specific 
lag  terms   for  journal    advertising--! .e. ,  JA(t),  JA(t-l),   and  JA(t-2).   The 
structure  of  each  of  the  models   is   readily  seen  in  Table  2,  which   contains 
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the  basic  empirical  results. 

(INSERT  TABLE  2  ABOUT  HERE) 

4.1  Linear  Model,  All  Variables,  Full  Lags 

The  results  for  this  model  are  presented  in  the  first  column  of 

Table  2.  Note  that  the  model  provides  a  reasonably  good  "fit"  to  the  data 

2  2 

as  evidenced  by  the  R  of  0.855  and  the  R  adjusted  for  degrees  of  freedom 

[11,  pp. 300-304]  of  0.782.  However,  when  we  examine  the  estimated  (raw) 
coefficients  for  this  model,  we  see  that  only  those  for  JA(t),  C(t),  and 
MS(t-l)  are  significantly  different  from  zero  at  the  0.05  level.  Hence  the 
communications  variables  performed  relatively  poorly  in  this  model.  This 
is  due  at  least  in  part,  to  multicollinearity  in  the  independent  variable 
set.  An  analysis  of  multicollinearity  using  the  statistics  proposed  by  Farrat 
and  Glauber  [12]  indicated  that  the  principle  locus  of  collinearity  was 
between  manpower  detailing  and  samples  and  literature  expenditures  in  the 
same  period.  This  suggested  that  better  estimates  might  be  obtained  by 
dropping  one  of  the  variables  or  by  combining  them.  The  results  obtained 
when  both  procedures  were  tried  are   given  below. 

4.2  Multiplicative  Model,  All  Variables,  Full  Lags 

The  first  alternative  to  the  simple  linear  model  is  a  multiplicative 
model  containing  an  identical  set  of  independent  variables  and  specific 

lag  terms.  The  results  for  this  model  are  given  in  column  2  of  Table  2. 

2  2 

The  R  for  the  estimated  equation  of  this  model  is  0.915  and  the  R  adjusted 

for  degrees  of  freedom  is  0.872.  Hence,  the  estimated  form  of  the  multi- 
plicative model  accounts  for  about  9%  more  of  the  variance  in  the  dependent 

2 
variable  than  does  the  linear  model  when  judged  in  terms  of  R  corrected 
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for  degrees  of  freedom. 

It  should  be  noted  that  the  dependent  variable  for  the  estimated  fonn 
of  the  multiplicative  models  is  log  MS(t),  not  MS(t)  as  it  was  for  the  linear 
model.  Since  our  interest  centers  upon  market  share  rather  than  its  log- 
arithm, it  v/ould  seem  that  a  better  comparison  between  the  linear  and  the 
multiplicative  models  could  be  made  if  we  were  to  examine  the  fraction  of 
the  variance  in  MS(t)  accounted  for  by  the  multiplicative  models.  This  is 
easily  accomplished  by  the  following  procedure: 

(1)  Compute  the  estimated  values  of  the  dependent  variable,  log  MS(t) 
for  each  t  as  a  function  of  the  independent  variables. 

(2)  Calculate  the  antilog,  MS(t)*for  each  t. 

(3)  Estimate  the  regression:  MS(t)  =  b  MS(t) 

(4)  The  R  of  this  equation  indicates  the  unadjusted  fraction  of  the 
variation  in  MS(t)  accounted  for  by  the  multiplicative  model. 

This  procedure  was  followed  for  each  of  the  four  multiplicative  models 

2 
presented  in  Table  2  and  the  results  are   presented  in  the  row  labeled,  "R 

for  MS(t)".  Note  that  the  R  for  MS(t)  is  never  more  than  1%  less  than  the 

R  for  log  MS(t).  Hence  this  adjustment  to  a  comparable  dependent  variable 

appears  to  be  not  too  important  in  the  present  case.  However  in  many  cases, 

especially  v/hen  sales  and  log  sales  are  the  corresponding  dependent  variables 

in  linear  and  multiplicative  models,  this  adjustment  can  be  yery   significant. 

The  precision  of  the  coefficient  estimates  is  also  greater  for  the 

multiplicative  model  than  it  was  for  the  linear  model.  The  coefficients  of 

DM(t-l),  JA(t),  JA(t-3),  SL(t-l),  C(t)  and  MS(t-l)  are  now  significant, 

at  least  at  the  0.05  level.  Hence,  it  would  appear  that  the  problems  with 

the  linear  model  were  more  the  result  of  interactions  being  ignored  rather 

than  a  lack  of  effect  of  the  communications  variables  on  market  share. 
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4.3  Multiplicative  Model,  A11  Variables,  Variable  Lags 

The  incorporation  of  three  period  specific  lag  terms  for  each  com- 
munication variable  absorbs  many  degrees  of  freedom.  Consequently,  we  explored 
the  possibility  of  dropping  certain  of  the  specific  lag  terms.  After  exam- 
ining the  estimates  obtained  from  the  previous  model,  it  seemed  reasonable 
to  delete  DM(t-2),  DM(t-3),  and  SL(t-3)  from  the  set  of  independent  variables. 
The  pattern  of  effects  for  MD  and  JA  over  t,  t-1,  t-2,  and  t-3  indicated 
that  these  variables  should  be  retained. 

The  results  for  this  model  are  presented  in  the  third  column  of  Table 

2 
1.  We  see  that  the  adjusted  R  of  the  estimated  equation  improves  by  0.5%  over 

the  previous  multiplicative  model.  The  precision  of  the  estimates  is 

slightly  better  for  DM(t-l)  and  MS(t-l)  and  remains  excellent  for  JA(t), 

JA(t-3),  SL(t-l),  and  C(t).  Once  again  the  coefficient  for  SL(t)  is  nearly 

significant  at  the  0.05  level.  In  sum,  this  model  is  a  slight  improvement 

over  the  previous  multiplicative  model. 

4.4  Multiplicative  Model,  No  MD,  Variable  Lags 

This  model  is  identical  to  the  previous  model  except  for  the  fact 
that  the  four  terms  for  MD  at  t,  t-1,  t-2,  and  t-3  are  deleted.  Since  the 
simple  correlation  between  MD(i)  and  SL(i)  i=t,  t-1,  t-2,  t-3  is  0.88, 
eliminating  MD  from  the  equation  removes  a  prime  source  of  mul ti col  linearity 
and  should  improve  the  precision  of  estimates  for  SL. 

That  this  is  indeed  the  case  may  be  seen  in  the  fourth  column  of 
Table  2.  With  the  removal  of  MD  from  the  equation,  the  results  for  both 
SL(t)  and  SL(t-l)  are  now  significant  at  beyond  the  0.01  level.  The  results 
for  DM(t-l)  improved  somewhat,  while  the  results  for  JA(t),  JA(t-3),  C(t), 
and  MS(t-l)  remained  highly  significant.  Comparing  the  fit  of  the  present 
model  with  that  of  the  model  discuss(?d  previously,  we  see  that  including 
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2 

the  four  MD  terms  contributes  very   little.  The  unadjusted  R  for  the  mul- 
tiplicative variable  lag  model  was  .912  and  that  for  the  comparable  model 


with  MD  deleted  was  .907.  Dropping  the  MD  terms  actually  improves  the  ad 

2 
justed  R  from  .877  to  .882.  Judged  by  the  latter  criterion,  the  present 

model  proved  to  give  the  best  fit  of  all  the  models  tested. 


4.5  Multiplicative  Model,  MDSL,  Variable  Lags 

In  this  model  we  sum  the  expenditures  on  manpower  detailing  MD, 
and  samples  and  literature  SL,  and  include  them  in  the  models  as  a  single 

variable  MDSL.   The  results  for  this  model   are  given  in  the  fifth  column 

2 
of  Table  2.  The  adjusted  R    was  0.877,  which  is  slightly  lower  than  that 

for  the  variable  lag,  multiplicative  model,  which  deleted  manpower  detailing 
altogether.  The  results  for  DM(t-l)  and  JA(t-3)   are  somewhat  less  precise 
for  this  model   compared  to  the  previous  one. 

To  summarize  the  results  so  far  we  see  that:   (1)   all   of  the  models 
provide  an  excellent  fit  to  the  data,   (2)   the  multplicative  models  appear 
to  be  superior  to  the  linear  form  in  that  they  "explain"  about  9%  more  of 
the  variance  in  the  dependent  variable,  and  (3)   the  multiplicative  models 
differ  very  little  from  one  another  in  terms  of  goodness  of  fit.  The  multi- 
plicative models  were  also  superior  to  the  linear  form  in  terms  of  the  pre- 
cision with  which  the  raw  coefficients  were  estimated--i .e. ,   ratios  of  the 
regression  coefficients   to  their  standard  errors.  Among  the  multiplicative 
models,   the  best  fit  and  the  greatest  precision  of  estimation  of  the   raw 
coefficients  was  achieved  for  the  variable  lag  model  which  did  not  contain 
the  manpower  detailing  variable,  MD. 

4.6  Pattern  of  Effects 

In  order  to  examine  the  over-time  pattern  of  effects  on  market  share 
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of  expenditures  on  the  communications  variables,  we  must  first  compute  the 
adjusted  coefficients.  Recall  that  the  adjusted  coefficients  are   the  para- 
meters of  interest  in  the  basic  distributed  lag  model  (1).  They  are  cal- 
culated according  to  (3)  from  the  raw  coefficients  which  were  directly 
estimated  and  presented  in  Table  2.  The  adjusted  coefficient  estimates  are 
given  in  Table  3. 

In  order  to  clarify  what  is  meant  by  the  over  time  pattern  of  effects 
for  expenditures  on  a  communication  variable,  consider  the  results  for  JA 
and  SL  in  the  multiplicative,  all  Variables,  full  lag  model.  These  results 
are  presented  graphically  in  Figure  1.  From  the  figure  we  see  that  journal 
advertising  expenditures  (JA)  have  their  greatest  impact  during  the  period 
in  which  the  advertisements  appeared.  The  next  period  there  is  virtually  no 
effect  (actually  a  trivially  small  negative  effect).  However,  the  effect 
builds  up  during  the  next  two  periods  to  about  two-thirds  of  its  initial 
level.  The  distributed  lag  model  implies  that  thereafter,  the  effect  decays 
geometrically. 

(INSERT  TABLE  3  ABOUT  HERE) 

In  contrast,  the  effect  of  samples  and  literature  (SL)  is  somewhat 
greater  in  the  period  immediately  following  an  expenditure  than  in  the 
period  during  which  the  expenditure  was  made.  Two  periods  after  the  ex- 
penditure, the  effect  is  somewhat  less  than  that  for  the  initial  period. 
Three  periods  after  the  expenditure  the  effect  is  sharply  diminished.  Again, 
the  distributed  lag  formulation  implies  a  geometric  decay  thereafter.  It 
should  be  noted  that  the  fact  that  the  effect  two  periods  after  the  expen- 
diture is  still  sizable  was  the  reason  we  retained  the  specific  lag  term 
for  SL(t-2)  in  the  variable  lag  models. 
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(INSERT  FIGURE  1  ABOUT  HERE) 

An  examination  of  the  adjusted  coefficient  results  for  the  multi- 
plicative models  in  Table  3  indicates  that  the  pattern  of  effects  for 
the  communications  variables  is  quite  stable  across  the  different  models.  The 
lone  exception  is  manpower  detailing  for  which  the  pattern  of  results  is 
somewhat  erratic.  However,  the  effects  for  manpower  detailing  expenditures 
are  quite  small  in  magnitude  and  dropping  this  variable  altogether  resulted 
in  the  best  fitting  model.  The  pattern  of  effects  for  direct  mail  is  similar 
to  that  for  samples  and  literature  in  that  both  have  their  greatest  effect 
in  the  period  immediately  following  an  expenditure.  Finally  it  should  be 
noted  that  the  pattern  of  effects  for  the  sum  of  expenditures  on  manpower 
detailing  and  samples  and  literature  is  similar  to  that  for  samples  and 
literature  alone. 

The  pattern  of  effects  for  direct  mail  and  journal  advertising  is 
essentially  the  same  in  both  the  linear  model  and  the  multiplicative,  all 
variable,  full  lag  model.  However,  the  patterns  for  manpower  detailing  and 
samples  and  literature  are  quite  different  in  the  linear  model. 

One  difficulty  which  arises  in  interpreting  the  adjusted  coefficients 
(Table  3),  is  the  unexpected  negative  sign  for  some  of  the  variables.  Such 
results  were  obtained  in  both  the  linear  and  multiplicative  models  for  man- 
power detailing  expenditures  whenever  they  are  included  in  the  model.  Re- 
call that  earlier  we  noted  that  the  expenditure  figures  for  manpower  detail- 
ing were  arrived  at  by  a  judgemental  allocation  procedure  and  hence  were 
more  likely  to  be  subject  to  measurement  error  than  the  information  for 
the  other  communications  variables.  Random  errors  of  measurement  would  re- 
sult in  an  underestimation  of  the  effect  of  manpower  detailing  [20,  pp. 148- 
150]  and  we  find  that  the  raw  coefficients  for  MD  (from  which  the  adjusted 
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coefficients  are  derived)  are  very  small   relative  to  their  standard  errors. 
The  negative  sign  for  JA(t-l)   in  three  of  the  four  multiplicative  models  is 
more  difficult  to  account  for  but  these  negative  coefficients  are  of  negli- 
gible size,   particularly  for  the  multiplicative,   variable     lag  models   in- 
volving either  no  MD  variables   or  MDSL  terms. 

4.7     Magnitude  of  Effects 

A  useful  way  to  compare  the  communications  variables  with  respect  to 
the  estimates  of  their  impact  on  market  share  derived  from  the  multiplicative 
models   is  to  examine  their  respective  short-run,  quarterly,  and  long-run 
elasticities.  The  short-run  elasticity  of  a  variable  is  simply  its  estimated 
coefficient  at  time  t.   The  quarterly  elasticity  is  the  sum  of  its  adjusted 
coefficients  for  t,   t-1 ,  and  t-2.   The  long-run  elasticity  is  the  infinite 
sum  of  the  elasticities  for  that  variable.   For  example,   the  long-run  elas- 
ticity for  journal   advertising,  LRE[JA]  is: 

00 

(7)  LRE[JA]  =  E[JA(t)]  +  E[JA(t-l)]   +  E[JA(t-2)   +  E@JA(t-3)]     Z     \^ 

i=0 

with: 

(8)  E[JA(t-3)]    .fg  X""    =  E[JA(t-3)]   /1-A 

where  E[JA(i)]  is  the  elasticity  of  JA  at  i=t,   t-1,   t-2,  and  A  is  the  esti- 
mated coefficient  of  the  lagged  market  share  term.   Recall   that  these  elas- 
ticity values  are  simply  the  adjusted  coefficients  presented  in  Table  3. 
The  results  are  presented  Table  4. 

(INSERT  TABLE  4  ABOUT  HERE) 

We  first  note  that  the  magnitudes  of  the  short-run,  quarterly,  and 
long-run  elasticities  and  their  relation  to  each  other  are  quite  stable 
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across  model   specifications  for  journal   advertising  and  samples  and  liter- 
ature.  For  direct  mail   the  quarterly  and  long-run  results  and  the  overall 
pattern  of  the  results  for  all   three  elasticities  are  stable  across   the 
variable  lag  models.    In  the  full    lag  specification,   the  quarterly  and  espec- 
ially the  long-run  results   for  direct  mail   are  considerably  greater  than  for 
the  alternative  specifications.   However,  even   in   the   full    lag  model    the  re- 
sults for  direct  mail    do  not  compare   favorably  with   those  for  journal    ad- 
vertising and  samples   and  literature.   The  relation  between  short-run, 
quarterly,   and  long-run  effects  for  manpower  detailing  appear  to  be  reason- 
ably consistent  between  the  two  models  which   included  these  expenditures 
The  negative  signs  may  indicate  competitive  retaliation  over  time,  but 
most  likely  reflect  measurement  error  and/or  sampling  variation.   The  results 
for  the  sum  of  expenditures  on  manpower  detailing  and  samples  and  literature 
are,  as  expected,  composites  of  the  results  for  each  variable,  with  the  general 
pattern  of  the  results  being  dominated  by  samples  and  literature. 

Consider  next  the  relation  between  the  short-run,  quarterly,  and  long- 
run  elasticities  for  each  variable  in  turn.   For  direct  mail,  the  response  in 
the  period  of  expenditure  is  miniscule,  while  the  quarterly  and  long-run 
elasticities  are  considerably  larger.  Notice  that  for  the  variable  lag 
models,  most  of  the  response  occurs  within  a  quarter  of  the  period  during 
which  the  expenditure     were  made.    In  sum,  direct  mail   seems  to  have  little 
initial   impact  while  its   total   effect  principally  occurs  within  three  months 
of  the  expenditure.    In  contrast,  the  response  to  journal   advertising  is  very 
large  during  the  month  in  which  the  expenditure  was  made.   While  the  quarterly 
elasticity   is   substantially  greater  than   the  short- run  elasticity  in  abso- 
lute terms,   the  short-run  elasticity  provides  a  substantial   proportion  of  the 
total   quarterly  elasticity.   However,   the   long-run  elasticity  is   approxi- 
mately double  the  short-run  elasticity  and  is  very  large  in  absolute  terms. 
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This  indicates  a  substantial  long  temi  effect  on  market  share  from  journal 
advertising  expenditures.  The  elasticities  for  samples  and  literature  have 
yet  another  pattern.  Although  it  is  only  a  fraction  of  the  short-run  journal  ad- 
vertising elasticity,  nevertheless,  the  short-run  elasticity  of  samples  and  lit- 
erature is  substantial.  Like  direct  mail,  the  quarterly  elasticity  of  samples 
and  literature  is  a  sizeable   fraction  of  its  long-run  effect.  That  is, 
most  of  the  market  share  response  to  expenditures  on  samples  and  literature 
is  realized  within  three  months  of  the  expenditure.  Similar  comments  hold  for 
the  sum  of  expenditures  on  manpower  detailing  and  samples  and  literature. 
The  results  for  manpower  detailing  are  very  small,  unstable,  and  are  based 
upon  estimated  raw  coefficients  all  of  which  were  not  statistically  differ- 
ent from  zero  at  any  reasonable  level  of  significance,  and  in  general  are   some- 
what suspect  for  the  reasons  mentioned  earlier. 

While  the  magnitude  of  the  estimates  varies  somewhat  according  to  the 
specification  of  the  model  from  which  they  were  derived,  the  differences 
among  the  elasticities  for  the  different  communications  variables  are  con- 
siderably greater.  Of  particular  interest  is  a  comparison  of  the  responsive- 
ness of  market  share  to  expenditures  for  the  various  communications  variables. 
As  can  be  seen  from  Table  4,  ranking  the  elasticity  estimates  from  highest 
to  lowest  results  in  the  following  ordering:  JA,  SL  (or  MDSL),  and  DM  (ig- 
noring the  estimates  for  MD  because  of  their  apparent  unreliability).  This 
ordering  of  the  elasticities  is  consistent  across  the  models.  Note  that  the 
elasticities  for  journal  advertising  are  markedly  greater  than  those  for 
the  other  variables.  Although  further  modeling  would  be  required  to  link 
these  results  for  market  share  to  sales  and  profitability,  the  implication 
is  that  there  has  been  a  tendency  to  underinvest  in  journal  advertising  and 
overinvest  in  direct  mail.  The  fact  that  expenditures  for  direct  mail  exceeded 
those  for  both  journal  advertising  and  samples  and  literature  further  rein- 
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forces  this  notion.   Below  are  the  average  monthly  expenditures  made  for 
each  type  of  conmunication  in  the  five  year  period  studied: 


Direct  Mail  $163.0 

Manpower  Detailing  768.0 

Journal    Advertising  120.9 

Samples  and  Literature  135.5 


Notice  that  the  elasticity  estimates  given  in  Table  4  indicate  that  the 
firm  was  operating  in  a  region  of  diminishing  returns  with  respect  to  the 
level   of  its  expenditures  on  each  of  the  communications  variables--not  a 
surprising  result  for  an  established  product  like  this  one. 

Finally,  we  draw  attention  to  the  results  obtained  for  the  dummy 
variable  C(t),  used  to  represent  the  withdrawal   of  a  prime  competitor  from 
the  market.   From  Table  2  we  see  that  C(t)  has  the  expected  negative  sign 
and  is  highly  significant  in  all   five  models. 
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5.   ECONOMETRIC  CONSIDERATIONS 

There  are  three  important  econometric  issues  which  need  to  be  raised 
with   respect  to  our  results.   The  first  is   to  what  extent  our  estimates  may 
be  contaminated  by  auto-correlation  in  the  residuals  of  our  estimated  equa- 
tions.  Secondly,   to  what  extent  are  our  excellent  goodness  of  fit  results 
due  to  the  inclusion  of  lagged  market  share?  Will   deleting  MS(t-l)   create 
major  changes   in  R     or  in  the  magnitudes  or  patterns  of  the  estimated  elas- 
ticities in  our  models?  Finally,  what  can  be  said  about  the  appropriateness 
of  a  single  equation  model   in  this  situation  given  the  possibility  of  two- 
way  influence  between  market  share  and  communications  expenditures? 

5.1     Auto-Correlation 

With  the  lagged  market  share  term  included  on  the  right-hand  side  of 
(2),  the  presence  of  auto-correlation  in  the  residuals  (U(t))  of  the  estima- 
ting equation   (2)  will    tend  to  bias  the  coefficient  estimates   [29,45]. 
Traditionally,   researchers  have  used  the  Durbin-Watson  d  statistic  [20, 
p. 192],   reported  in  Table  2  for  all   five  models,   in  order  to  test  for  the 
presence  of  auto-correlation.   From  the  table  we  see  that  the  d  statistic  is 
reasonably  close  to  2  for  each  model,  where  d=2  if  there  is  no  auto-correla- 
tion.   From  this  one  might  be  tempted  to  conclude  that  auto-correlation   is 
not  a  problem.   Recently  Nerlove  and  Wall  is   [33]  pointed  out  that  when  the 
estimated  equation  contains  a  lagged  endogenous  variable,  MS(t-l)   in  these 
models,  the  d  statistic  is  biased  toward  indicating  no  auto-correlation-- 
i.e.,  d   is   biased   toward  2. 

In  a  forthcoming  paper,   Durbin  [8]  points  out  that  the  root  of  the 
problem  lies   in  the  distribution  of  the  serial   correlation  statistic  on  the 
null   hypothesis  of  no  auto-correlation.   He  goes  on  to  develop  a  large  sample 
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test  statistic  which  is  asymptotically  distributed  as  a  normal  (0,1)  random 
variable  under  the  hypothesis  of  zero  auto-correlation  and  in  the  presence 
of  lagged  endogenous  variables.  The  results  for  this  test  statistic,  which 
we  shall  refer  to  as  the  Durbin  h,  are  reported  in  Table  2  for  the  multi- 
pl icati ve  nradels. 

The  h  for  the  multiplicative  all  variables,  variable  lag  model  is 
less  than  its  standard  error  under  the  null  hypothesis.  Hence  the  results 
for  this  model  are  consistent  with  the  absence  of  auto-correlation  in  this 
model.  The  results  for  the  multiplicative,  no  MD,  variable  lag  model,  and 
the  multiplicative,  MDSL,  variable  lag  would  also  seem  to  be  consistent  with 
the  null  hypothesis.  However,  the  result  for  the  multiplicative,  all  var- 
iable, full  lags  model  is  inconsistent  with  the  hypothesis  of  no  auto-corre- 
lation. It  should  be  noted  that  the  power  of  the  h  statistic  is  asymptotically 
equivalent  to  that  of  a  likelihood  ratio  test.  The  properties  of  the  h  stat- 
istic for  finite  samples  remain  to  be  worked  out. 

5.2  Models  Deleting  MS(t-l) 

While  the  basic  distributed  lag  model  (1)  logically  requires  the  in- 
clusion of  MS(t-l)  in  its  estimated  form  (2),  it  is  of  interest  to  determine 
the  extent  to  which  our  excellent  goodness  of  fit  results  are   principally 
due  to  its  inclusion.  To  examine  this  question  we  estimated  both  the  multi- 
plicative, no  MD,  variable  lags  and  the  multiplicative,  all  variables,  full 
lags  models  deleting  MS(t-l).  The  results  are  presented  in  Table  5  along 
with  the  corresponding  results  when  MS(t-l)  was  included  in  the  model.  Note 
that  the  coefficients  for  the  variables  when  MS(t-l)  is  in  the  model  are  the 
adjusted  coefficients. 

For  both  models  the  adjusted  R  falls  off  very  little  when  MS(t-l) 
is  deleted.  Thus  we  may  conclude  that  our  goodness  of  fit  results  are  not 
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merely  due  to  the  inclusion  of  MS(t-l).  Furthermore,  note  that  the  general 
magnitudes  and  pattern  of  effects  for  each  communication  variable  is  not 
altered  by  the  deletion  of  MS(t-l).  However,  the  t-3  coefficients  are  slightly 
larger  when  MS(t-l)  is  deleted.  Apparently  they  are  now  picking  up  some  of 
the  longer  run  effects.  The  results  for  C(t)  and  the  intercept  do  change 
substantially  in  the  direction  one  would  expect  since  MS(t-l)  is  no  longer 
in  the  equation  to  help  adjust  the  results  in  the  period  in  which  the  com- 
petitive product  was  withdrawn.  Note  that  the  Durbin-Watson  d  statistic, 
which  is  appropriate  for  the  models  which  delete  MS(t-l),  indicates  consid- 
erable positive  auto-correlation. 

5.3  Cross  Lag  Correlations 

In  using  single  equation  models  in  this  study  we  have  assumed  that 
market  share  is  determined  by  the  communications  variables  and  not  vice 
versa.  There  has  been  considerable  discussion  [e.g.,  3,4]  of  the  need  for 
simultaneous  equation  demand  models  given  the  problems  of  identification 
and  estimation  bias  associated  with  the  use  of  single  equation  models  in 
situations  where  there  are   two-way  relationships  between  sales  and  promo- 
tional variables. 

The  problem  of  a  built-in  interdependency  between  market  share  and 
communications  expenditures  arising  out  of  the  coincidence  between  the  firm's 
planning  cycle  and  the  observation  periods  is  less  likely  to  occur  when  the 
latter  are  of  short  duration  (e.g,  months).  Delays  are  involved  in  the  re- 
porting of  market  results  to  management.  Furthermore,  it  takes  time  to  im- 
plement policy  changes  once  the  decision  to  make  them  has  been  made  and 
such  lags  are   not  the  same  for  all  the  communications  variables  considered 
liere. 

One  simple  method  that  has  been  proposed  for  assessing  causal  priori- 
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ties  between  pairs  of  variables  is  the  "cross  lag  correlation"  technique. 
Briefly,  the  approach  rests  on  the  following  argument:  if  C  determines  E 
rather  than  vice  versa,  then  the  correlation,  rCC^E^]  should  be  greater  than 
the  correlation,  rCE-iC^]  where:  r  is  the  simple  correlation  coefficient; 
C  and  E  represent  the  variables  designated  cause  and  effect,  respectively; 
and  the  subscripts  1  and  2  denote  successive  time  periods.  The  technique 
has  been  applied  previously  in  both  behavioral  [6]  and  economic  research 
[e.g.,  38]. 

(INSERT  TABLE  6  ABOUT  HERE) 

We  utilized  the  method  here  to  check  our  implicit  assumption  about 
the  causal  ordering  of  market  share  and  communications  expenditures.  Table  6 
presents  the  simple  pairwise  product  moment  correlation  coefficients  (double 
log  transformation)  for  market  share  and  the  various  mix  variables.  If 
the  dominant  causal  direction  is  from  the  communications  variables  to  market 
share  and  not  vice  versa,  then  the  correlation  between  MS(t-l)  and  each 
variable  should  be  smaller  than  the  correlation  between  MS(t)  and  each  var- 
iable at  t-1 ,  t-2,  and  t-3.  We  see  from  Table  6  that  this  is  indeed  the 
case  for  all  but  one  of  the  twelve  pairwise  comparisons  of  the  correlations. 
The  lone  reversal  is  for  direct  mail  at  t-3. 


6.  DISCUSSION 

The  indication  from  this  analysis  that  market  share  was  highly 
responsive  to  journal  advertising  but  relatively  insensitive  to  direct  mail  was 
something  of  a  surprise  to  management  of  the  firm  marketing  the  drug  studied 
here.  It  was  generally  presumed  that  manpower  detailing  and  samples  and  lit- 
erature were  the  most  important  elements  in  the  comnunications  mix.  After 
reflecting  on  these  results,  some  were  of  the  opinion  that  journal  adver- 
tising had  been  neglected  in  planning  promotional  campaigns  for  the  product 
and  were  inclined  to  accept  the  directional  implication  of  the  results, 
namely  that  increased  expenditures  in  this  medium  were  warranted.  The  de- 
sirability of  carrying  out  an  experimental  study  of  changes  in  the  promo- 
tional mix  was  generally  acknowledged.  The  inconclusive  results  with  respect 
to  manpower  dettiiling  served  to  draw  attention  to  the  need  for  more  precise 
information  about  the  amount  of  detailing  support  a  product  actually  re- 
ceived and  helped  arouse  interest  in  the  general  problem  of  allocating  de- 
tailing effort  across  the  firm's  product  line.  Work  in  this  latter  area  is 
now  in  progress. 

Certain  of  the  results  bearing  on  the  over-time  pattern  of  effects 
of  the  communications  variables  were  judged  to  be  consistent  with  other 
company  experience.  Studies  have  shown  that  the  receipt  of  reply  cards  from 
direct  mail  promotions  tends  to  follow  the  pattern  exhibited  by  the  short- 
run,  quarterly,  and  long-run  elasticities  estimated  for  direct  mail.  The 
bulk  of  the  reply  cards  are  typically  returned  between  four  and  thirteen 
weeks  of  a  mailing  but  a  small  number  will  continue  to  trickle  in  for  some 
time.  Such  a  flow  corresponds  to  the  elasticities  estimated  here  which  indi- 
cated very  little  immediate  response  but  a  more  marked  quarterly  response 
to  expenditures  for  direct  mail.  Similarly,  the  finding  that  the  long-run 
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elasticity  for  samples  and  literature  is  only  slightly  greater  than  the 
quarterly  effect  is  consistent  with  other  information  which  indicates  that 
physicians  tend  to  use  samples  within  a  few  months  of  receiving  them  and  that 
they  discard  any  old  supplies.  The  pattern  of  effects  for  journal  advertising  was 
more  puzzling  but  it  was  suggested  that  it  might  be  accounted  for  by  the  nature 
of  physicians'  journal  reading  habits. 

The  reactions  noted  above  which  the  firm's  management  had  to  the 
results  of  this  study  are  worth  noting  because  they  suggest  something  about 
the  part  that  a  model-based  analysis  of  historical  or  aggregative  data  can 
play  in  the  evolutionary  development  of  a  marketing  information  system. 
The  firm  in  question  was  in  the  beginning  stages  of  forming  such  a  system. 
Outside  of  a  forecasting  system  based  on  historical  sales  data,  the  organi- 
zation had  had  little  previous  experience  with  marketing  models.  This  work 
represented  an  initial  attempt  to  develop  some  measurement  in  an  area  where 
virtually  none  had  previously  existed  in  the  firm  and  was  made  possible  by 
the  foresight  of  a  staff  group  who  had  been  gathering,  organizing,  and  pre- 
serving the  data  base  for  some  time.  The  aspect  of  the  results  which  was 
of  interest  to  the  firm  from  an  operating  viewpoint  was  the  directional 
implication  regarding  the  allocation  of  funds  to  the  various  mix  elements-- 
the  suggestion  that  a  realignment  of  expenditures  was  in  order.  While  it 
cannot  be  claimed  that  this  analysis  produced  any  immediate  changes  in  pro- 
motional budgeting  policy,  neither  can  it  be  said  that  the  outcome  was 
without  consequence  for  the  organization.  The  results  were  considered  im- 
portant in  a  qualitative  sense.  They  suggested  the  need  for  re-evaluating 
current  promotional  budgeting  practices  and  gave  an  indication  that   various 
mix  elements  might  be  used  to  obtain  short-term  effects  versus  achieving 
longer-run  results.  As  noted  previously,  the  need  for  more  refined  analyses 
was  recognized.  Questions  about  the  forecasting  ability  of  the  models  and 
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the  representation  of  competitors'  activities  were  discussed.  When  addi- 
tional data  become  available,  both  these  matters  will  be  addressed.  Per- 
haps the  most  tangible  result  was  identifying  the  need  for  additional  data, 
measurement,  and  models  and  creating  support  for  their  development. 

Such  a  contribution  as  that  described  above  may  indeed  be  considered 
a  modest  step  forward  but  the  experience  does  serve  to  illustrate  an  impor- 
tant point  aptly  put  by  Little  when  he  noted  that  "a  model  is  a  stone  in 
the  shoe  for  better  data."  [28,  p.B483].  Little  [28]  and  more  recently 
Urban  and  Karash  [44]  have  discussed  the  importance  of  an  evolutionary 
movement  form  simple  to  complex  models  as  a  strategy  for  overcoming  the  dif- 
ficulties which  have  hampered  the  efforts  of  management  scientists  to  develop 
models  which  will  aid  and  be  accepted  by  managers.  Improvement  rather  than 
perfection  becomes  the  criterion  for  judging  the  completeness  of  models  and 
the  quality  of  measurements  at  any  point  in  time.  In  such  an  ongoing  context 
measurement  is  a  continuous  process  of  obtaining  successive  approximations 
of  (hopefully)  increasing  precision.  The  kinds  of  model  structures  and  analysis 
described  here  can  play  a  significant  role  in  this  process  both  by  identi- 
fying and  refining  measurement  questions  and  by  providing  approximate  answers 
to  them. 

The  practical  and  technical  pitfalls  which  plague  attempts  to  apply 
econometric  models  and  analysis  to  aggregative  marketing  data  have  been 
widely  discussed  [24,27]  and  a  healthy  attitude  of  distrust  is  held  by  many 
concerning  the  value  of  such  work  as  a  basis  for  making  decisions  involving 
the  setting  of  marketing  policy  variables.  However,  such  techniques  can  yield 
results  that  are  useful  in  less  ambitious  but  still  important  ways  such  as 
those  which  have  been  noted  here.  This  is  not  to  suggest  that,  when  used  in 
these  ways,  there  is  any  less  need  for  concern  about  the  assumptions  and 
limitations  of  the  techniques.  Rather,  we  wish  to  suggest  that  as  a  problem 
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finding  device  [36]  and  as  a  source  of  estimates  which  may  lead  to  and/or 
be  combined  with  other  more  or  less  imperfect  measurements,  theren's  much 
which  can  be  learned  from  the  application  of  econometric  methods  to  aggreg- 
ative marketing  data. 
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7.  SUMMARY 

Distributed  lag  models  were  applied  to  time  series  data  for  purposes 
of  estimating  the  short-term  and  long-run  effects  on  an  ethical  drug's 
market  share  of  expenditures  for  four  types  of  promotional  communications: 
journal  advertising,  direct  mail  advertising,  personal  selling  (detailing), 
and  samples  and  literature.  Simple  linear  additive  and  multiplicative  (log- 
linear)  models  with  the  communications  variables  lagged  in  various  ways 
were  estimated  by  ordinary  least  squares  methods.  All  of  the  models  were 
found  to  fit  the  data  quite  well  but  the  multiplicative  formulations  gave 
the  best  results.  Elasticities  estimated  from  the  models  were  used  to  compare 
the  communications  variables  with  respect  to  their  effects  on  market  share. 
In  declining  order  of  importance,  they  ranked  as  follows:  journal  advertising, 
samples  and  literature,  and  direct  mail.  The  estimates  for  manpower  detailing 
appeared  somewhat  unreliable  and  were  suspect  due  to  measurement  problems 
with  this  variable.  The  results  implied  that  the  firm  had  tended  to  under- 
invest  in  journal  advertising  and  overinvest  in  direct  mail.  The  communica- 
tions variables  were  also  found  to  differ  considerably  from  one  another  in 
regards  to  how  their  impact  on  market  share  was  distributed  over  time.  Most 
of  the  response  to  direct  mail  and  samples  and  literature  was  realized 
within  a  quarter  after  the  expenditure  was  made  while  in  the  case  of  journal 
advertising,  there  were  substantial  longer-run  effects.  Consideration  was 
given  to  several  econometric  issues  bearing  on  the  quality  of  the  estiinates 
obtained.  Finally,  the  role  of  results  obtained  from  applying  econometric 
models  to  aggregative  marketing  data  in  a  developing  marketing  information 
system  was  briefly  discussed.  It  was  suggested  that  such  analyses  can  be 
of  great  value  as  a  problem  finding  mechanism  and  as  a  source  of  initial 
estimates  of  key  response  parameters  in  an  ongoing  measurement  program. 
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TABLE  1 
VARIABLE  DEFINITIONS  AND  NOTATION 


Notation 

Definition 

MS(t) 

Market  Share  of  new  prescriptions   for  company's  brand  during 
month   t. 

JA(t) 

Journal   Advertising  expenditures  on  company's  brand  during 
month   t. 

DM(t) 

Direct  Mail   expenditures  on  company's  brand  during  month  t. 

MD(t) 

Manpower  Detailing  Expenditures  on  company's  brand  during 
month  t. 

SL(t) 

Samples  and  Literature  expenditures  on  company's  brand  during 
month  t. 

MDSL(t) 

MD(t)  +  SL(t),  a  composite  of  manpower  detailing  and  samples 
and  literature. 

c(t) 

Denotes  the  presence  of  a  principle  competitive  product  during 
month  t.  This  variable  equals  one  when  the  competitor  is  present 
and  zero  when  the  competitor  is  absent. 
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TABLE  2 
REGRESSION  RESULTS 


Model ^ 

Variable 

Linear 
All  Var. 
Full  Lags 

Mult. 
All  Var. 
Full  Lags 

Mult.      Mult. 
All  Var.    No  MD 
Var.  Lags  |  Var.  Lags 

Mult. 
MDSL 
Var.  Lags 

DM(t) 

1.8  X  10"^ 
1     (1-29)   1 

.0017 
(0.39) 

.0013 
(0.32) 

.0010 
(0.27) 

.0022 
(0.54) 

DM(t-l) 

2.4  X  10"^ 
(1.59) 

.0080  * 
I  (1.88) 

.0080  ** 
(2.01)** 

.0088  ^^^ 
(2.33)*** 

.0074  * 
(1.84) 

DM(t-2) 

1.2  X  .0"^ 
(0.64) 

.0036 
(0.83) 

DM(t-3) 

( 

-0.8  X  10"^ 
(-0.43) 

.0036 
(0.83) 

MD(t) 

0.7  X  10"^ 
(.73) 

.0018 
(0.17) 

.0022 
(0.22) 

MD(t-l) 

0.5  X  10"^  1  -.0066 
(.52)      (-.62) 

-.0052 
(-0.50) 

MD(t-2) 

-0.9  X  10"^ 
(-0.96) 

-.0030 
(-.27) 

-.0023 
(-0.22) 



MD(t~3) 

1.0  X  10"^    .0067 
1      (1.17)      (.61) 

.0075 
(1.39) 

JA(t) 

18.9  X  lo;^^   .1469  *^^ 
i      (2.77)      (5.00) 

•1517  **^ 
(5.39) 

.1488  *** 
(5.47)*** 

.1514  ^^^ 
(5.43) 

JA(t-l)   -5.5  X  10'^   '-.0401 

i     (-0.64)   i  (-1.08) 

-.0422 
(-1.16) 

-.0503 
(-1.47) 

-.0520 
(-1.46) 

JA(t-2) 

5.3  X  10'^   1  .0331 
(0.63)    :  (1.04) 

1 

.0307 
(1.00) 

.0356 
(1.21) 

.0249 
,  (0.82) 

I 

JA(t-3)  !   0.5  X  10'^ 

I;    (0.07) 


.0891**^    .0814  ^^^ 
(2.67)      (2.59) 


.0685  , 
(2.33) 


.0650  *^ 
(2.17) 
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TABLE  2  (Continued) 


Variable 

Linear 
All  Var. 
Full  Lags 

Mult. 
All  Var. 
Full  Lags 

Mult. 
All  Var. 
Var.  Lags 

Mult. 
No  MD 
Var.   Lags 

Mult. 
MDSL 
Var.  Lags 

SL{t) 

-0.4  X  10"^ 
(-0.10) 

.0229 
(1.57) 

.0221       .0217  *** 
(1.57)      (2.83) 

SL(t-l) 

5.0  X  10"^ 
(1.23) 

.0338  *^ 
(2.22) 

1 
.0322  ^^  !   .0227  *** 
(2.18)   j   (3.03) 

SL(t-2) 

5.2  X  10"*^ 
(1.28) 

.0136 
(0.89) 

.0120 
(0.80) 

.0079 
(1.04) 

SL(t-3) 

-1.7  X  10"^ 
(-0.41) 

.0020 
(.13) 

MDSL(t) 

.0181  *** 
(2.73) 

MDSL(t-l) 

.0174  *** 
(2.70) 

MDSL(t-2) 

.0040 
(0.62) 

MDSL{t-3) 

.0066 
(1.09) 

CU) 

-0.035  ** 
(-2.20) 

-0.317  *** 
(-3.59) 

^f%- 

-0.303  *** 
(-3.89)*** 

-0.311  *** 
(-3.96) 

MS(t-l) 

0.49  ^^^ 
(3.60) 

0.25  *^ 
(2.13)** 

&" 

0.33  *** 
(3.24) 

0.34  ^^^ 
(3.22) 

Intercept 

0.05  ^^ 
(2.20)     J 

-3.25  ^^^ 
(-6.08) 

-3.09  **^ 
(-6.19) 

-2.80  *** 
(-6.27) 

-2.74  *^* 
(-5.82) 

TABLE  2  (Continued) 
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Variable 

I 

Linear 
All   Var. 
Full   Lags 

Mult. 
All    Var. 
Full   Lags 

Mult. 
All    Var. 
Var.   Lags 

Mult. 
No  MD 
Var.   Lags 

Mult. 
MDSL 
Var.   Lags 

R^   (unadjusted) 

0.855 

0.915 

0.912 

0.907 

0.905 

R^  (adjusted) 

0.782 

0.872 

0.877 

0.882 

0.877 

r2   for  MS(t)'' 

0.855 

0.911 

0.901 

0.906 

0.896 

Durbin  Watson 
d  Statistic 

2.08 

1.70 

1.79 

1.86 

1.77 

Durbin  h  Statistic 

2.63 

0.86 

1.39 

1.44 

The  numbers  in  parentheses  are   the  t  statistics  for  the  regression 
coefficients  given  in  the  line  above  them. 

R  for  regression  MS(t)  =  b«MS(t)  where  MS(t)  is  estimate  value  of 
market  share  calculated  from  the  regression  equation. 

*p<0.05,  1  tailed  test,  critical  t  =  1.64 

**p<0.025,  1  tailed  test,  critical  t  =  1.96 


p<0.01,  1  tailed  test,  critical  t  =  2.32 
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TABLE  3 


ADJUSTED  COEFFICIENTS 


Model* 

Variable 

DM(t) 
DM(t-l) 
DM(t-2) 
DM(t-3) 

Linear 
All  Var. 
Full  Lags 

1.8  X  10"^ 
3.3  X  10"^ 
2.8  X  10"^ 
0.6  X  10"^ 

Mult. 
All  Var. 
Full  Lag 

.0017 
.0084 
.0057 
.0050 

Mult. 
All  Var. 
s     Var.  Lag; 

- 

.0013 

.0084 

(.0025) 

(.0008) 

Mult.        Mult. 

No  MD        MDSL 

;    Var.  Lags    Var.  Lags 

i 
.0010   !     .0022 
.0091   i     .0082 
(.0030)  i     (.0028) 

(.0010)  ;   (.0010) 

MD(t) 
MD(t-l) 
MD(t-2) 
MD(t-3) 

0.7  X  10"^ 

0.8  X  10"^ 

-0.5  X  10'^ 

0.8  X  10"^ 

.0018 
-.0061 
-.0045 

.0058 

.0022 

.0045 

-.0037 

-.0064 

JA  t) 
JA  t-1) 
JA  t-2 

JA(t-3) 

18.9  X  10"^ 
3.8  X  10'^ 
7.2  X  10"° 
4.0  X  10"^ 

.1469 

-.0028 

.0324 

.0973 

.1517 
.0037 
.0318 
.0910 

.1488 

-.0007 

.0354 

.0803 

.1514 

-.0002 

.0248 

.0735 

SL(t) 
SL(t-l) 
SL(t-2) 
SL(t-3) 

-0.4  X  10"^ 
4.8  X  10"° 
7.6  X  10"° 
2.0  X  10"^ 

.0229 
.0287 
.0209 
.0073 

.0221 

.0389 

.0138 

(.0042) 

.0217 

.0299 

.0179 

(.0060) 

MDSL(t) 
MDSL(t-l) 
MDSL(t-2) 
MDSL(t-3) 

.0181 
.0236 
.0121 
.0107 

The  values  in  parenthese  were  derived  for  variables  not  included  in  the 
estimation  of  the  model. 


TABLE  4 
COMPARISON  OF  ELASTICITIES 
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Variable       Elasticity 


Mult.  Mult. 

All    Var.  All   Var. 

Full   Lags         Var.  Lags 


Mult.       Mult. 
No  MD       MDSL 
Var.  Lags    Var.  Lags 


DM 

Short-Run 
Quarterly 
Long-Run 

Short-Run 
Quarterly 
Long-Run 

.0017 
.0158 
.0225 

.0013 
.0122 
.0134 

.0010 
.0131 
.0146 

.0022 
.0132 
.0147 

MD 

.0018 
-.0088 
-.0010 

.0022 

-.0060 

.0032 

JA 

Short-Run 
Quarterly 
Long-Run 

.1469 
.1765 
.3066 

.1517 
.1872 
.3177 

.1488 
.1835 
.3035 

.1514 
.1760 
.2878 

SL 

Short-Run 
Quarterly 
Long-Run 

.0229 
.0725 
.0823 

.0221 
.0748 
.0808 

.0217 
.0695 
.0784 

MDSL 

Short-Run 
Quarterly 
Long-Run 

.0181 
.0538 
.0701 
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TABLE  5 


COMPARISON  OF  REGRESSION  RESULTS  WITH  AND  WITHOUT 
MS(t-l) 


Models 

Variable 

Mult.,  No  MD,  Var.  Lags 

1    -■                  r 

Mult.,  All 

Var. ,  Full  Lags 

;   MS(t-l) 

MS(t-l) 

MS(t-l) 

MS(t-l) 

Included 

Del e ted 

Included 

Deleted 

DM(t) 

.0010 

-.0010 

.0017 

.0007 

DM(t-l) 

.0091 

.0104 

.0084 

.0083 

DM(t-2) 

.0057 

.0064 

DM(t-3) 

.0050 

.0055 

MD(t) 

.0018 

.0028 

MD  t-1) 

-.0061 

-.0056 

MD  t-2) 

-.0045 

-.0043 

MD(t-3) 

.0058 

.0062 

JA(t) 

.1488 

.1315 

.1469 

.1344 

JA(t-l) 

-.0007 

.0062 

-.0028 

-.0001 

JA(t-2) 

.0354 

.0313 

.0324 

.0302 

JA(t-3) 

.0803 

.0930 

.0973 

.1125 

SL  t) 



.0217 

.0193 

.0229 

.0205 

SL  t-1) 

.0299 

.0268 

.0287 

.0360 

SL(t-2) 

.0179 

.0176 

.0209 

.0226 

SL(t-3) 

.0073 

.0072 

C(t) 

-.3030 

-.4804 

-.3170 

-.4465 

Intercept 

-2.80 
.882 

-3.80 

-3.25 

-4.09 

R^  (adjusted) 

.858 

.872 

.861 

d  Statistic 

1.86 

1.23 

1.70 

1.25 
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TABLE  6 
CROSS  LAG  CORRELATIONS 


Communications 
Variable 

MS(t-l)  vs. 
Comnuni cations  ^ 
Variable  in  t 

MS(t)  vs.  Communications  Variable  in: 

t-1 

t-2 

t-3 

DM 

-.03 

.11 

.04 

-.05 

MD 

.21 

.37 

.23 

.21 

JA 

.18 

.30 

.31 

.28 

SL 

.23 

.44 

.30 

.28 
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FIGURE  1 

ADJUSTED  COEFFICIENT  VALUES  FOR  JA  AND  SL 

MULT.  MODEL,  ALL  VARIABLES,  FULL  LAGS 
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FOOTNOTES 


One  exception  is  Nakanishi's  study  [32]  of  consumer  response  to  vari 
forms  of  promotion  and  advertising  for  new  products. 

2 

Sales  arising  from  new  prescriptions  should  be  distinguished  from  those 
which  occur  when  an  existing  prescription  is  refilled.  Refills  or  repeat 
sales  on  a  prescription  filled  previously  were  excluded  from  the  data 
utilized  here. 

Geometric  decay  is  the  discrete  analog  of  continuous,  exponential  decay. 

From  (3)  we  see  that  the  adjusted  coefficients  are  continuous  functions  of 
the  raw  coefficients.  Consequently,  we  can  invoke  Slutsky's  Theorem  which 
states:  "If  tf  is  a  consistent  es^timator  of  9,  and  if  Y  =  g  (9)  is  a  contin- 
uous function  of  9  then  ?  =  g  (f)  is  a  consistent  estimator  of  "i"   [15,  p. 118]. 

The  estimate  of  X  will  still  be  biased  for  small  samples.  See  [19]. 

To  preserve  the  confidential  nature  of  the  information,  the  expenditures 
figures  have  been  coded.  However,  the  relative  sizes  are  representative  of 
the  actual  value.  ' 

Recall  that  market  share  was  defined  in  terms  of  new  prescriptions  only. 
If  total  prescriptions  (i.e.,  new  plus  refills)  were  considered,  market 
share  would  undoubtedly  have  exhibited  greater  serial  correlation. 
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